During the past two decades, there has been an increase on maritime freight traffic particularly in container flow. Thus, the Berth Allocation Problem (BAP) can be considered among the primary optimization problems encountered in port terminals. In this paper, we address the Dynamic Berth Allocation Problem (DBAP) in a conventional layout terminal which differs from the popular discrete layout terminal in that each berth can serve multiple vessels simultaneously if their total length is equal or less than the berth length. Then, a Modified Sailfish Optimizer (MSFO) meta-heuristic based on hunting sailfish behavior is developed as an alternative for solving this problem. Finally, computational experiments and comparisons are presented to show the efficiency of our method against other methods presented in the literature in one hand. We also discuss the productivity of a container terminal based on different scenarios which can happen.
Introduction
In recent years through economic liberalization and global trade growth, the demand for maritime transportation services has witnessed an increase in a very important way. In this regard, container terminals, thanks to its role as a transshipment point that connects the maritime and land transport, are considered the principal responsible for the good management of container's mass flow arrived at the port. In dealing with this growth and to satisfy the need of vessel-owner in terms of minimizing port transit costs, port operators must improve the productivity and the performance of container terminals. This productivity deals with the capacity to serve the incoming vessels with a minimum waiting and handling time. It is usually measured by vessel's turnaround time which is the time spent between vessel's arrival and departure. After vessel's arrival, port operators must take many decisions. First, they have to find a quay space for this vessel. Next, containers are transferred from vessels to the quay using quay cranes. Then, containers are handled to the yard for stowage purpose. Finally, these containers leave the storage area to ground or maritime transportation. From these operations, many problems arise to be treated in a container terminal (Meisel, 2009) . It includes quay crane scheduling problem covered by Lajjam et al. (2014) , stowage planning addressed by Avriel et al. (1998) and berth allocation planning which is the focus of our paper. Berth Allocation Problem (BAP) is the first critical decision to take by the operational planning service. It consists of assigning a set of incoming vessels to a set of berths along the quay in order to optimize a performance measure considered as the minimization of vessel's total stay time at a port ( Fig. 1) . In order to carry out this assignment, vessel-owners calling at a port have to transmit to the terminal planning service a dataset concerning their vessel some days before their arrival at the port. This dataset contains the length and the draft of the vessel, the number of containers to be loaded/unloaded as well as the estimated arrival time.
In addition, it is necessary to take into account the factor of terminal's layouts type to solve the BAP. As reported by Meisel (2009) and Imai et al. (2013) , we can resume it in the following four types:
 Discrete layout, the quay is divided into a specified number of berths. See Fig. 2(A)  Continuous layout where the quay is not divided; therefore, vessels can carry out the berthing conforming their need for space on the quay. See Fig. 2 (C)
Fig. 1. Stay time of vessel at a port
 Indented layout is characterized by its capability of fast handling from both sides of a vessel as shown in Fig. 2 (D) and Imai et al. (2013) .  Conventional layout, the quay is split in a discrete manner, except that small vessels can share a single berth but big vessels can be positioned just into one single berth as shown in Fig.2 (B) and Imai et al. (2013) . We should note that this type of layout is known in some papers of the literature as a hybrid layout.
According to Imai et al. (2013) , it has been demonstrated that a conventional terminal (see Fig.2 (B)) is more efficient than an indented at the level of stay time. For this reason, we have opted for the conventional terminal in our study. Moreover, in the literature we have found different formulations of the BAP problem because of the diversity of terminal layouts. As a consequence, different methods and meta-heuristic have been proposed to solve all existing varieties. So, we propose a Modified Sailfish Optimizer meta-heuristic approach to solve the DBAP in a conventional container terminal. In fact, the Sailfish Optimizer meta-heuristic has provided effective results for solving combinatorial problems, the fact that encouraged us to use this meta-heuristic.
The next section presents a literature review on the BAP. Then, model formulation is presented in Section 3. In Section 4, a meta-heuristic based on a modified Sailfish optimizer is adapted as a method of resolution. Next, a number of experimental results are presented in Section 5. Finally, Section 6 concludes the paper.
Fig. 2. Type of Terminal Layouts 2. Literature review
In the literature, BAP has been approached by several scientific articles. However, there are some differences between these publications because of terminal's layout type (see the section 1) and ship's arrival type (dynamic or static). In the dynamic arrival, the vessels which have not arrived yet at the port in the beginning of the planning are also taken into account in the planning. Whereas, all the vessels should be already in the port before the planning starts in the static one. Among all of those literature works, dynamic discrete case (DDBAP) and BAP in dynamic continuous case (DCBAP) are the ones which have received the most attention. However, in our paper we have focalized on the DBAP in a conventional layout which represent also realistic constraint found in container terminals. In all cases (DDBAP, DCBAP and DBAP in a conventional layout) mathematical modeling of these problems lead to NP-hard problems that require meta-heuristic methods to be developed for their resolution. In the following, a large list of literature works on all varieties of BAP is presented. Lai and Shih (1992) developed a heuristic algorithm for solving the BAP based on the policy of First Come First Served (FCFS). The concept of dynamic BAP appeared for the first time in paper. For resolution, the authors used a heuristic based on lagrangian relaxation method. Two years later, Imai et al (2003) improved their model considering different service priorities between vessels, and resolved the problem using a genetic algorithm (GA). In the category of works witch adapted the Genetic Algorithm (GA) as a method of resolution, Nishimura et al. (2001) employed GA to solve the DDBAP considering different water depth configuration and servicing multiple vessels in a berth at the same time. Theofanis et al. (2007) studied the DDBAP and proposed a resolution approach based on GA to minimize the total weighted service time of all ships. Imai et al. (2013) proposed a linear mathematical model for the DDBAP which permit the simultaneous berthing of multiple vessels at the indented berth, and solved this model with a GA. For its part, Arango et al. (2011) addressed the BAP using simulation and optimization at the same time. First, they proposed different scenarios of simulation with Arena software in order to minimize the total operating time for each vessel in the port of Seville. Then, a mathematical model for the DDBAP and a heuristic procedure based on GA algorithm are presented to solve the problem.
Furthermore, Cordeau et al. (2005) implemented a heuristic based on tabu search for the DDBAP and DCBAP; they assessed the quality of solutions found with their heuristic by making a comparison with the exact solution found by CPLEX. Buhrkal et al. (2011) presented three different mathematical programming models of the DDBAP and proposed a formulation of the problem as a generalized set partition problem (GSPP). For testing their formulation, they used the instances from Cordeau et al. (2005) and obtained optimal solutions using Cplex. In Oliveira et al. (2012) , a meta-heuristic based on a clustering search with simulated annealing (CS-SA) is presented as an alternative for DDBAP which improve the results presented by Cordeau et al. (2005) and Buhrkal et al. (2011 ). López-Plata et al. (2015 proposed an improvement of solutions for DDBAP based on Decentralized Cooperative Meta-heuristic (DCM). They compared their method with other methods in the literature for testing their results. After three years, Lin et al. (2018) developed a new version of SA based on different vessel assignment strategies to solve DCBAP. The results presented in this work are considered the best so far. To minimize the total service time for each vessel in a dynamic and discrete container terminal, Nishi et al. (2017) proposed a dynamic programming-based on met heuristic as a resolution method. In this work different comparisons with others methods of the literature have been realized by the authors to show the performance of the proposed met heuristic.
Recently, many studies have addressed the BAP under uncertain factors such as the arrival time or the service time for each vessel. In this context, Budipriyanto et al. (2015) developed a conceptual model of the vessel-berth allocation given the variability of vessel arrival and handling time. The objective of this model is the reduction of the total processing time and the improvement of resource's utility (berth, quay crane and container yard). In Budipriyanto et al. (2017) , authors presented a study where they demonstrated that the strategy of collaboration between terminals is the primary factor that minimizes delays caused by uncertainty in vessel's arrival and handling time. In dealing with the factor of uncertainty, Liu et al. (2017) addressed the BAP under a number of discrete scenarios. Each scenario contains different arrival and handling time for each vessel which can happen with a certain probability. The objective of this work is to minimize the total service cost (El hammouti et al., 2018).
Model formulation
In this section, we introduce a mathematical formulation for the DBAP in a conventional terminal, inspired from the linear model published by imai et al. (2013) . In this model, they calculated the stay time of a ship in the port as the difference between its completion and arrival time to the port ( Fig.1) . Furthermore, to simplify and clarify our model we considered the following assumptions and notation:
Assumptions:
 Length of each berth is 400m  The berth allocation ignores the FCFS rule  The length of each vessel range from 200 to 400 (meters)  All berths have the same water depths.  The safety distance between berthed vessels is included in the length of the vessel.  If a ship is assigned to a berth, it will remain in that position until all cargo-handling operations are completed.  Multiple ships can be served at the same berth simultaneously if their total length does not exceed the overall berth length.  The vessel handling time depends on the assigned berth  The planning horizon is one week. Xijk =1 if vessel j is handled as kth vessel at berth i, and =0 otherwise Wikk' =1 if both the k th and k' th vessel to be assigned are berthed simultaneously in berth i bik = beginning time of handling for k th vessel at berth i fik = completion time of handling kth vessel at berth i Objective function subject to:
,
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The objective function (1) minimizes the total stay time of vessels at the port. Constraint (2) ensures that at any berth and any order of service a vessel must be served. Constraint (3) enforces that at the same berth, each vessel must be served at an order of service different, note that although two vessels are simultaneously at a berth, their service orders must be different. Constraint (4) enforces that, the starting time of the handling of a given vessel in a given berth is equal to the maximum between their arrival time and the time when berth becomes idle in the planning horizon. Constraint (5) determines vessel departure time. Constraint (6) determines the service order of vessels assigned to the same berth. Constraints (7) and (8) guarantee that if two vessels are served simultaneously, their services coincide in time. Constraint (9) enables two vessels to be served at the same berth if their total length is equal or less than the berth length. Constraint (10) ensures that the number of vessels served simultaneously in a specific berth does not exceed two. Constraints (11), (12) and (13) define the type of decision variables (Xikj, Wikk, bik, fik) .
The Sailfish Optimizer
Recently, Shadravan et al. (2019) developed a new meta-heuristic called Sailfish Optimizer which combines the behavior of both a group of sailfish as a predator and a group of sardine as the prey. The sailfish is classified as a social predator because it is characterized by working in group to catch and
hunts its prey. In a cooperative hunting, predators use different strategies to kill. For example the group of sailfish is characterized by the alternation of attacks strategies. It consists in that, at a given moment, each member of group attack alone the school of prey (sardine) and injure or hunt some of them, while the other members of group save their power. When a sailfish attacks the prey school he can update his position around them. In addition, the sailfish can also update his position to occupy empty space around the prey school and simulate encircling the prey (Shadravan et al., 2019) . On the other hand, in order to escape from the following attacks of the sailfishes, the prey group (sardine) changes the position when a member of their group is injured (Shadravan et al., 2019) . In the following subsections we present the general procedure of Sailfish optimizer algorithm.
4.1.Initialization
 A sailfish and sardine population is initialized randomly, to each sailfish and sardine is assigned a randomized position xi 
Evaluation and the elitism procedure
At each new generated population, an evaluation based on the fitness function (F (.)) of the position of each agent search (sailfish or sardine) is carried out. In a minimization problem, the best sailfish which has the smallest fitness from the sailfish population is saved as the elite sailfish (xeli 
where,  is a number generated randomly between 0 and 1 and PD presents the density of the school prey. Due to the alternation of attacks on the prey school some sardines will be injured and be hunted by the sailfishes therefore the number of prey will decrease over time. The PD parameter is determined by the Eq. (16) PD= 1 -(Nsh / (Ns+Nsh)) (16) where Nsh and s are respectively the number of sailfish and the number of sardines in each iteration. In this regard, the initial school of sardine usually is larger than the group of sailfish. For this reason, we suppose that Ns = 3×Nsh. The value of k is a decisive factor in the algorithm, because by adjusting the value of k each sailfish can update his position moving toward the prey and at the same time round it in different directions.
position updates by the sardine
At the beginning of the hunt, both the sailfish power attack and the sardine escape ability are usually very high. Therefore, at the first stage of the hunt, the sailfishes just injure the sardines in school prey without being able to catch them. Over time, the attack power of the sailfishes decreases as well as the ability to escape from the sardines. Indeed, the sailfishes accuse the effort of the alternation of attacks strategies while the sardines accuse the injuries in their body. This leads to that, at the last stage of the hunt preys to lose the ability to escape from the attacks. Hence, the capture success rate of sailfishes becomes high. To take into account the behavior of sardine against the attacks of sailfish. Each sardine in our algorithm can update its position based on the following equation:
where yj k+1 and yj k are the new and the current position of sardine j consecutively, is a random numbers between 0 and 1, xeli k is the best position of elite sailfish found so far, and shows the amount of sailfish's Attack Power at each iteration that is generated as follows:
where A and are two factors that decrease the value of power attack (AP) and Itr is the number of current iteration. As mentioned previously, at the first stage of the hunt, the capture success rate is small because most of sardines can change their positions and escape from the sailfish attack. However, at the end of the hunting, the ability of sardine to escape decreases which makes the capture success rate higher. So that, the number of sardines that can update their position decreases with time. In our algorithm the last stage of hunting was considered when AP is less than 0.5. Based on power attack AP, the number of sardine that update their position at last stage of hunt (AP<0.5) is given by Eq. (19):
where AP is less than 0.5 just a selected number of sardines can update their position. On the contrary, when AP is more than 0.5 we considered that all sardine will be updated.
Remove and substitution of the hunted sardine
In the proposed algorithm, to model the fact that a sardine j is hunted by a sailfish i, the position of this later is replaced by the position of the sardine j when we have F (yj 
Modified Sailfish Optimizer for DBAP at a conventional terminal
In this section we present a Modified Sailfish Optimizer (MSFO) to solve DBAP, the main modification is to add a local search technique at the last stage of the SFO algorithm (AP <0.5). This modification makes the SFO more efficient at level of exploitation and ensures an improvement in solution quality.
Solution representation by Sailfish and sardine
A primary issue to develop any meta heuristic is the solution representation. In our algorithm both sailfish and sardine have the same structure solution. This solution was represented as a table of dimension [1, n] , whose values are real numbers in the interval [1, m+1[. where m represents the number of berths and n represents the number of vessels. The integer part of each real number in the table represents the berth assigned to each vessel. However, the fractional part represents the service order of each vessel in berth where it is assigned. The first table cell represents the vessel number 1, the second represents the vessel number 2 and so on until the last cell which represents the vessel number n (n is the table dimension). A sorting in an ascending order of the table is carried out to separate vessels according to their berth and their service order in this berth. Indeed, the service order of a set of vessels assigned to the same berth can be retrieved from the increasing order of fractional parts, i.e a vessel with a higher number will be served after vessels with lower numbers. Fig. 4 shows the representation of a feasible solution found by a Sailfish for a DBAP in a conventional layout with nine vessels and three berths. For each vessel corresponds a real number contained in the interval [1,4[ whose integer part determines the berth of vessel and the fractional part determines the service order of each vessel with respect to vessels assigned to the same berth. For example, the vessels {1,3,7} are berthing in berth 1 and according to the sorting in an increasing order of the fractional parts the vessel 7 will be the first to be served followed by the vessel 3 and 1, the same for others berths. To limit the search only in the feasible solution space, we will proceed as follows. For example, for solution presented in Fig. 4 if the value in a cell is less than 1, we will randomly generate a value in [1, 2 [ for the cell. If the value is lower than 4 (number of berths plus one), we will randomly generate a value in [1, 2 [and subtract this from 4 (number of berths plus one).
Generation of the local solution for the Modified SFO algorithm
At the last stage of the algorithm when the value of AP is less than 0.5, a local search technique is applied to generate two new solutions xi 
. Two permutations are performed as shown in Figure 5 . The first one, swap two vessels within the same berth with the objective to change their service order see Fig.5 (a) . While the second one, swap two vessels between two berths with the objective to change their berth see Fig.5 (b) . A flowchart describing the proposed MSFO is given in Fig. 6 .
Fig. 5. Local solution

Computational results
This section includes two parts: the first one contains the computational results to show the effectiveness of the proposed MSFO resolution approach and the last one presents an experimental analysis of the container terminal performance based on a set of scenarios that often happens in a container terminal. The parameter-setting plays a primordial role in the good performance of the algorithm. In our case, After the preliminary tests, the following parameter-setting guarantee best solution in short running time:
=6 and = 0.001,Maximum iteration(Kmax) = 500, initial population for the sailfish= 30 and initial population for the sardine= 60. 
Effectiveness of the proposed MSFO
The proposed MSFO meta-heuristic was implemented with language java on Acer computer with an Intel core i3 (2.30 GH) and 4 GB RAM. To test the effectiveness of our method, first we did not take into account the simultaneous service at berth, i.e. all constraints which ensure the simultaneous service in the mathematical model presented in section 3 have been eliminated. In this way, the new mathematical model is equivalent to DDBAP model. Then, a comparison was carried out between the objective function value and the running time found with our approach and those found using other existing methods, namely, Tabu Search(T 2 S) see Cordeau et al. (2005) , Generalized Set-Partitioning Problem mathematical model (GSPP) by Buhrkal et al. (2011) , Clustering Search with Simulated Annealing for generating initial solutions (CS-SA) see Oliveira et al. (2011) and Decentralized Cooperative Met heuristic (DCM) by López-Plata et al. (2015) . This comparison is based on the set I3 of the benchmarking instances used by Cordeau et al.(2005) which includes 30 instances with 60 vessels and 13 berths. Time (sec) 60×13 (1) 60×13 (2) 60×13 (3) 60×13 (4) 60×13 (5) 60×13 (6) 60×13 (7) 60×13 (8) 60×13 (9) 60×13 (10) 60×13 (11) 60×13 (12) 60×13 (13) 60×13 (14) 60×13 (15) 60×13 (16) 60×13 (17) 60×13 ( In Table 1 , the column 1 presents the size of the problem. While other columns expose the objective function value and running time found by T 2 S, GSPP, CS-SA, DCM and MSFO, respectively. According to the results presented in the Table 2 , we can observe clearly that the proposed MSFO is capable of obtaining an optimal solution for all instances tested as the case of GSPP, CS-SA and DCM. Furthermore, at the level of running time our method overcomes all others except some instances for DCM namely (6, 7, 10, 13, 14, 17, and 18) . However, our method improves the DCM in 23 instances of 30 presented and the average of running time of MSFO is 4.18 while the average of DCM's running time is 4.78. Therefore, we can conclude that MSFO is a new good alternative compared with other methods to solve the BAP.
Experimental analysis on the performance of a conventional and discrete terminal layout
Presentation of the case-study and generation of problem instances
To make our performance analysis, we opted to take the Tangier Med I container terminal as the basis of our study, given our ability to access to port data. However, this study can be generalized to other container terminals. The Tangier Med I container terminal is equipped with a 1600 meter of quay divided into 4 berths with a length of 400 meter. So, according to the traffic observed in the terminal during a planning horizon of 7 days, the average arrival interval of vessels is 4 hours which corresponds to an average of 42 vessels calling at the port in a week. The number of cranes assigned to each vessel depends on its size (3 or 4 cranes for vessels of size between 200 and 320 (meter) and 5 cranes for vessels of size is (> 320 meter) with the estimated efficiency of each crane is 30 containers per hour. In addition, the time took in handling a vessel is calculated according to the following rule:
(Handling time = number of container to be loaded and unloaded for the vessel / number of cranes affected to the Vessel×efficiency of each crane)
The data presented above represent the scenario of the standard conditions (S.C) for the container terminal Med 1 but usually in a container terminal there are dynamic factors as the breakdown of cranes, congested traffic and incapability of a berth to serve vessels for maintenance reasons that may generate other scenarios and disturb the normal performance of the terminal especially at the level of ships staying time in the port. Therefore, the objective of our analysis is to determine the factor that can significantly disturb the performance of the port in comparison with the performance obtained at standard conditions. So for this reason, three types of scenarios have been considered, namely scenario 1 which represents the case of congested traffic, scenario 2 represents the case when there is a breakdown in the crane and scenario 3 defines the case when some berths are incapable to serve vessels for reasons of maintenance. In addition, for each scenario three cases of studies are carried as we can see in detail in the Table 2 . The Average arrival interval of vessels is : 2h
The Average arrival interval of vessels is: 1h Scenario 2: The breakdown of the cranes 
Discussion and results
In our analysis, we have adapted the mathematical model presented at the section 3 to all scenarios mentioned previously to study the case of the conventional terminal. Then, at both the conventional and the discrete terminal, a comparison of the staying time of vessels between all scenarios and the scenario at S.C has been realized. In all experiences we have used the MSFO meta-heuristic as a method of resolution.
Table 3
Comparison of the results found in all scenarios Table 3 represents the value of the objective function determined in all cases of each tested scenario and the Fig.7 shows the value of the objective function in both conventional and discrete terminals in S.C. According to the Fig.7 , it is obvious that the conventional terminal is more efficient than the discrete at the level of staying time of vessels. Because of the policy of multiple ships served simultaneously at the conventional terminal we can optimally exploit the space in the quay and therefore minimize the staying time of vessels. In addition, according to Fig.7 , we can conclude that in both terminals (conventional and discrete) the objective value tends to increase in the three scenarios with respect to the objective value in S.C the fact that we can intuit before, but among all the scenarios the first one is the one that marks a highest long-stay of the vessels therefore is the factor that most disturb the normal performance of the terminal.
Fig. 7.
Objective value at standard conditions in both conventional and discrete terminal
Conclusion
In this work, we have approached the berth allocation problem in the dynamic case at a conventional terminal where multiple vessels are served simultaneously in the same berth. Then, to solve the problem a new modified sailfish optimizer meta heuristic, based on hunting sailfish behavior has been developed. Building on a set of instances from the literature, a comparison of our results with other recent methods found in the literature has been accomplished in order to test and show the affectivity of our algorithm.
Computational experiences have demonstrated the capacity of the proposed method to solve the BAP problem optimally and in a short time. In addition, From the performance analysis of Tangier Med I container terminal, we can conclude that the congested traffic is the main factor which disturbs the normal performance of a container terminal and increases the total staying time of vessels in the port. In the future works on Dynamic Berth Allocation Problem, other type of ports will be taken into account such as the bulk terminals which combine the waterway problem with the berth allocation problem.
